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1 Introduction
The relation between vegetation indices with photosynthetic activity and canopy
structural properties has allowed new methods for Above Ground Biomass
Estimation (AGBE) [1, 22, 17], which rely on the calculation of the vegeta-
tion indices from multispectral and thermal imagery captured from the crop
[16, 23, 3]. The Normalized Di↵erence Vegetation Index (NDVI) is one of the
most popular vegetation index used by farmers for quantifying the density of
vegetation in a crop. Nonetheless, in recent years, several vegetation indices
have emerged to assess the impact that each stage of plant growth has on crop
yield [7]. For instance, NDVI is accurate in early stages of the crop [9], but as
the biomass increases, NDVI saturates, which consequently yields inaccurate
readings at late growth crop stages [6]. In [18, 12], a collection set of vegeta-
tion indices were used for AGBE and nitrogen predictions in di↵erent growth
stages, whereas in [1], combinations of visible and infrared vegetation indices
were used together with plant height information to improve on AGBE.
Traditional methods to measure biomass are based on destructive sampling
or satellite image analysis. The former involves a demanding manual harvest
of plant samples to directly weight the accumulated mass of a certain area.
The latter provides crop-scale images with limited resolution to perform non-
invasive image-based crop data estimation. In this regard, Unmanned Aerial
Vehicles (UAVs) are the new technological step for crop monitoring [11, 19,
2]. In the last decade, UAVs have been key to solve di↵erent problems in
agriculture that mostly required high-precision crop data, e.g., crop parcels
detection [10], fruit detection [4], crop yield improvement [21], crop variable
measurement [15, 14], and crop terrain mapping [8, 13]. In this sense, UAVs
have turned into mobile sensors with powerful processing capabilities that
allow for a non-destructive and highly e cient crop monitoring in real-time [20,
5]. In most of the cases, crop data is obtained from geo-referenced multispectral
and thermal imagery collected by the UAV.
This paper presents an aerial crop monitoring system for the Above Ground
Estimation of Biomass in rice (AGBE). Figure 1 details the UAV platform. We
integrated the Tetracam ADC-lite multispectral camera capable of capturing
images up to 72.26mm/pixel in resolution at 122m of flying altitude. For the
application at hand, the rice crops were covered by maintaining a steady alti-
tude of 12m above the ground (i.e., 5.93mm/pixel of resolution). The mission
parameters are configured in the base station by using a custom-designed GUI
to properly setup the multispectral camera as a function of the UAV’s altitude
and velocity. Our contribution on AGBE is twofold:
– The development of two methods for the segmentation process of mul-
tispectral images; one approach relying on GPS and IMU data (Inertial
Measurement Unit) to geographically match the training images used by
the AGBE algorithm with the sampling areas of in-situ biomass measure-
ments, and a second approach for GPS-denied environments (or poor GPS
connection due to climate or mountainous regions). Also, the clustering
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Fig. 1 (a) Use case diagram for Above Ground Biomass Estimation. (b) UAV setup.
technique is based on a dynamic k-means algorithm which is not a↵ected
by illumination changes.
– The combination of 7 vegetative indices by means of multivariable regres-
sions. The algorithms have been designed and calibrated considering the
use of small sampling areas of 1 linear meter of the crop.
Experimental results have been conducted over two rice varieties: geno-
types Indica IR64 and Line 23 (Tropical Japonica sub specie). The former is
adapted to lowland rice cultivation (flooded rice paddies), whereas the latter
is adapted to upland rice cultivation (dry soils). The di↵erences in morphol-
ogy and cycle length between both sub species allow us to observe di↵erences
in biomass accumulation during whole cycle. IR64 has a higher biomass with
short stature whereas Line23 has less biomass with high stature. For both vari-
eties, the AGBE method was tested along the three main stages of rice growth:
vegetative, reproductive and ripening phases. The results reported in this pa-
per were obtained from over the period of 7 months of in-field measurements in
Colombia. The proposed AGBE method has shown an average correlation of
0.76 in comparison with the harvest destructive method for directly measuring
rice-crop biomass.
Finally, the multivariable regression method that enables the biomass es-
timations within the AGBE algorithm was compared against classical Arti-
ficial Neural Networks (ANN). In vegetative and reproductive stages, ANN
performed accurately than multivariable regressions, e.g., correlation above
80%. However, the performance of ANN decreased considerably for ripening,
concretely, for upland rice cultivation systems. In overall, the multivariable
regressions are more reliable than ANN. Section 4 presentes a comprehensive
discussion on this issue.
2 Above Ground Estimation of Biomass
The proposed Above Ground Biomass Estimation (AGBE) method is com-
posed of three main phases:NIR image pre-processing,Vegetation index
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calculation, and Biomass Estimation based on multivariable regressions.
The AGBE algorithm starts processing a sequence of RGNir photos (Red,
Green and Near Infrared) captured from the crop. The sample capturing time
has been set to 1 second to ensure an image overlap of 80%. Each image
contains a metadata with GPS and IMU information to allow the AGBE algo-
rithm to properly geo-reference the vegetation indices with the corresponding
crop area of interest. In this sense, vegetation indices are computed per area
(not per image). This approach enables us to assess the crop at di↵erent scales:
plant, parcel or crop scales.
2.1 NIR image pre-processing
The AGBE algorithm computes three methods for image pre-processing: Fea-
ture extraction, Clustering and Fourier Transform. These phases are essential
for identifying the desired sections in the image from where the vegetation
indices will be extracted. Firstly, the algorithm removes all pixels that contain
soil, water and several imperfections within the image. Secondly, the algorithm
applies a k-means clustering technique to identify the rice plants over soil and
grass. Finally, a transformation to the images is applied to properly select
the crop area for assessment. In this regard, the dynamic k-means clustering
classification method can be expressed as:
argmin
S
kX
i=1
1
2 |si|
X
x,y2si
kx  yk2, (1)
where a set of observations (x1, y1), (x2, y2), (xn, yn) are given in the form
of a d-dimensional vector, and the k-means clustering technique enables to
partition the n observations into k  n sets s = s1, s2...sk. Both x and y cor-
respond to the pixel positions of a NIR image. The observations are assigned
to a cluster mean with the least squared Euclidean distance. Our AGBE algo-
rithm takes 5000 random points from a NIR image, where each pixel has three
characteristics: the level of green, red and near infrared. A feature matrix is
then assembled with the random data (cf. Eq. 2 in Algorithm 1). Then, k-
means is applied with two clusters: one for the background and the other one
for plants. Subsequently, the centroids of the clusters are determined and the
feature-space is divided into two. The section that corresponds to the plants
cluster is a sphere with center in the corresponding centroid and the radius is
the maximum that keeps any pixel of the other cluster outside. Subsequently,
each pixel is classified according to the position inside the feature space. The
sphere’s radius of the plant cluster can be adjusted depending on the growth
stage of the crop with the aim of ensuring a proper image classification accu-
racy. The aforementioned steps are detailed in Algorithm 1.
Once each pixel has been classified, segments of the image that correspond
to the plant cluster are used. However, in some cases, undesired segments still
remain despite the classification process. In order to remove these segments,
we propose two crop segmentation methods:
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Algorithm 1 Background Subtraction Algorithm
procedure Input: RGNir image Im
1. Create the feature matrix with the levels of red, green and infrarred of each pixel.
M =
2
6664
Im(rand, rand, 1) Im(rand, rand, 2) Im(rand, rand, 3)
Im(rand, rand, 1) Im(rand, rand, 2) Im(rand, rand, 3)
.
.
.
.
.
.
.
.
.
Im(rand, rand, 1) Im(rand, rand, 2) Im(rand, rand, 3)
3
7775
(2)
2. Use k-means to separate the points into two clusters plant and background.

Rp Gp Np
Rb Gb Nb
 
= k-means(M, 2) (3)
3. Calculate the distance D from the centroid of the plant cluster to the nearest point
of the background cluster.
D = min
(x,y)2Background
nq
(Im(x, y, 1) Rp)2 + (Im(x, y, 2) Gp)2 + (Im(x, y, 3) Np)2
o
(4)
4. Make a copy of the original image: cIm = Im.
for (x, y), 1  x  length(Im), 1  y  height(Im) do
5. Calculate the distance d in the RGN euclidean space to the centroid of the plant
cluster.
d =
q
(Im(x, y, 1) Rp)2 + (Im(x, y, 2) Gp)2 + (Im(x, y, 3) Np)2 (5)
if d < D then
6. plant (x, y)
7. Change the value of the pixel to 1 in the copied image.
cIm(x, y) = 1 (6)
else
background (x, y)
8. Change the value of the pixel to 0 in the copied image.
cIm(x, y) = 0 (7)
end if
end for
end procedure
– Column segmentation using the geometry of the crop field, or
– Circle segmentation using a geo-referencing GPS-based algorithm that de-
termines a circular portion of the image with a fixed radius.
The former segmentation method requires the crop’s parcels organized in
lines. The idea is to straighten the image with the aim of merely using the
central portion for the calculation of the vegetative indices. Since our crops
are arranged in lines, the two dimensional Fourier Transform is applied to the
images for recognizing square-like parcel patterns. Hence, the Fourier Trans-
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form allows the rotation and projection of the image to determine the area
of processing. This step is key for removing all undesired vegetation from the
images prior to the calculation of the vegetation indices. The entire process is
shown in algorithm 2.
Algorithm 2 Column Segmentation Algorithm
procedure Input: binarized image Im
1. Apply the two-dimensional Fourier Transform and take the absolute value of the
result.
fIm = F{cIm} (8)
2. Binarize the resulting image using as threshold 75% of the maximum amplitude.
Im = fIm < 0.75 max
(x,y)2fIm
{fIm(x, y)} (9)
3. Using the resulting pattern calculate the rotation angle  .
4. Rotate the image by the resulting angle.
Imrot =

cos( )   sin(phi)
sin( ) cos( )
 
Im (10)
5. Project the image into the x  axis to separate the rows of the crop.
⇡y(x) =
height(Im)X
y=1
Imrot(x, y) (11)
6. Select the central row.
end procedure
The other segmentation method uses a geo-referencing algorithm to esti-
mate the location of GPS points in the image. Based on this information, it
is possible to estimate the region of the image that corresponds with the geo-
graphically GPS point. A circle with a radius R encloses the area of processing.
The entire process is presented in algorithm 3.
Algorithm 3 Circle Segmentation Algorithm
procedure Input: binarized image Im
1. Using the geo-referencing algorithm estimate the location of the desired GPS point
in the photo (xd, yd).
2. Using the altitude and the camera aperture calculate the pixel distance dpixel in the
photo corresponding to the requested radius R.
3. Select from the plant cluster in the image only the pixels (x̃, ỹ) that satisfy:
|(x̃  xd, ỹ   yd)|  dpixel (12)
end procedure
Finally, the overall process describing the aforementioned segmentation
methods is depicted in Figure 2.
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Fig. 2 Flow diagram of the NIR image processing stage computed by the AGBE algorithm.
The images used to ilustrate each stage correspond to experimental data results.
2.2 Vegetation Index calculation
Depending on the composition of a leaf, di↵erent wavelengths of light will have
a di↵erent level of absorption. As a result, the reflectance of a given wavelength
provides useful information of the leaf-plant health. The Vegetation Indices
(VI) are numbers computed from di↵erent wavelength reflectances by using
well-known equations that use the light reflectance of the plants for di↵erent
bandwidths, specially the green, red and near infrared.
The vegetation indices can be divided into two groups: Visible Band or
Near Infrared. The most common indices are listed in tables 1 and 2 respec-
tively. For instance, the Green Red Vegetation Index -GRVI uses the high
reflectance of plants in green wavelength (⇢ = 540nm) and the absorption of
the blue and red caused by plant chlorophylls. Other example is the Triangular
Vegetation Index -TVI that computes the total area of a triangle whose ver-
tices are located in di↵erent parts of the electromagnetic spectrum. The area
includes low red reflection due to high absorption of chlorophyll and variable
reflection in green wavelengths.
Regarding the near infrared vegetation indices, some of them are more
relevant in a certain stage of plant growth. For instance, NDVI is suitable at
early stages than TVI, however, as the plant grows, the NDVI index saturates
while TVI accuracy increases with higher biomass accumulation. In conclusion,
several vegetation indices need to be used and calibrated depending of the stage
of growth of the plants.
In this work, a comprehensive survey from the specialized literature was
carried out aimed at identifying and collecting which vegetation indices are
suitable for estimating rice biomass according to the growth stage of the crop
[1, 18, 7, 12]. The following vegetative indices are used:
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Name Equation
Green Red Vegetation Index [1] NGRVI = GRVI =
⇢500 ⇢670
⇢500+⇢670
Modified Green Red Vegetation Index [1] GRVI =
⇢2500 ⇢
2
670
⇢2500+⇢
2
670
Green Red Blue Vegetation Index [1] GRBVI =
⇢2500 ⇢450⇢670
⇢2500+⇢450⇢670
Visible Atmospherically Resistant Index [18] VARI =
⇢500 ⇢670
⇢500+⇢670 ⇢450
Normalized Di↵erence Red Edge Index [12] NDREI =
⇢780 ⇢730
⇢780+⇢730
Red-edge re-normalized di↵erence vegetation
index [12]
RERDVI =
⇢780 ⇢730p
⇢780+⇢730
Red-edge di↵erence vegetation index [12] REDVI = ⇢780   ⇢730
Red-edge Soil-Adjusted Vegetation Index [12] RESAVI = 1.5
⇣
⇢780 ⇢730
⇢780+⇢730+0.5
⌘
Red-edge Optimized SAVI [12] REOSAVI = (1 + 0, 16)
⇣
⇢780 ⇢730
⇢780+⇢730+0,16
⌘
Red-edge wide dynamic range vegetation in-
dex [12]
REWDRVI =
0.15⇢780 ⇢730
0.15⇢780+⇢730
Red-edge chlorophyll index [12] CIRE =
⇢780
⇢730
  1
Table 1 Common Visible Band Vegetation Indices (⇢f denotes the reflectance of the for
the frequency f)
– Simple Ratio (SR): also known as Ratio Vegetation Index (RVI) [7] is a
simple relation between the near-infrarred and red reflectance.
– Normalized Di↵erence Vegetation Index (NDVI): classical index with ac-
curate results at early stages of plant growth [12].
– Green Normalized Di↵erence Vegetation Index (GNDVI): a modification
of the NDVI that uses the green wavelength instead of the red. Behaves
similarly to NDVI [18].
– Corrected Transformed Vegetation Index (CTVI): another modification
of the NDVI that seeks to improve the accuracy for later stages of plant
growth [16].
– Soil-Adjusted Vegetation Index (SAVI): index designed to account for soil
noise in the image [7] .
– Di↵erence Vegetation Index (DVI): di↵erence between the near-infrared
and red reflectances [12].
– Modified Soil-Adjusted Vegetation Index (MSAVI): index designed to re-
duce soil background noise. It is not derived from SAVI [1] [7].
Figures 3 and 4 show preliminary results regarding the application of the
aforementioned VI formulas. As mentioned, NIR images were captured for
two di↵erent rice crop production systems: upland and lowland. Vegetation
Indices provide useful information about the changes of the crop over time.
For instance, Figures 3(a) and 3(b) highlight these changes. Note how the
appearance of the crop during the ripening stage looks dark after computing
an extracting both NDVI and GNDVI indices. This means that the leaves have
a low level of reflectance, which is directly related to the chlorophyll levels.
Conversely, in Figures 4(a) and 4(b), the appearance of the crop during the
vegetative stage looks brighter, indicating higher levels of chlorophyll.
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Name Equation
Normalized Di↵erence Vege-
tation Index [12]
NDVI =
⇢780 ⇢670
⇢780+⇢670
Green Normalized Di↵erence
Vegetation Index [18]
GNDVI =
⇢780 ⇢500
⇢780+⇢500
Simple Ratio [12] RVI =
⇢780
⇢670
Red-edge simple ratio vege-
tation index [12]
RERVI =
⇢780
⇢730
Soil-Adjusted Vegetation In-
dex [1][18][7]
SAVI = (1 + L)
⇣
⇢800 ⇢670
⇢800+⇢670+L
⌘
with L = 0.5
Green minus Red [18] ⇢500   ⇢670
Modified SAVI [1] [7] MSAVI =
1
2
⇣
2⇢800 + 1  
p
(2⇢800 + 1)2   8(⇢800   ⇢670)
⌘
Optimized SAVI [1] OSAVI = (1 + 0, 16)
⇣
⇢800 ⇢670
⇢800+⇢670+0,16
⌘
GnyLi [1] GnyLi =
⇢900⇢1050 ⇢955⇢1220
⇢900⇢1050+⇢955⇢1220
Enhanced Vegetation Index
[18]
EVI =
5
2
⇣
⇢780 ⇢670
⇢780+6⇢670 7.5⇢450+1
⌘
Triangular Vegetation Index
[18]
TVI =
1
2
⇣
120(⇢780   ⇢500)   200(⇢670   ⇢500)
⌘
Corrected Transformed Veg-
etation Index [16]
CTVI =
NDVI+0.5
|NDVI+0.5|
p
|NDVI + 0.5|
Di↵erence Vegetation Index
[16]
DVI = ⇢780   ⇢670
Modified Chlorophyll Ab-
sorption Ratio Index [7]
MCARI =
⇢700
⇢670
⇣
(⇢700   ⇢670)   0.2(⇢700   ⇢550)
⌘
MTVI1 [7] MTVI1 = 1.2
⇣
1.2(⇢780   ⇢550)   2.5(⇢670   ⇢550)
⌘
Modified Chlorophyll Ab-
sorption Ratio Index 2 [7]
MCARI2 = 1.5
2.5(⇢780 ⇢670) 1.3(⇢780 ⇢550)q
(2⇢780+1)
2 (6⇢780 5
p
⇢670) 0.5
Modified Triangular Vegeta-
tion Index 2 [7]
MTVI2 = 1.5
1.2(⇢780 ⇢550) 2.5(⇢670 ⇢550)q
(2⇢780+1)
2 (6⇢780 5
p
⇢670) 0.5
Table 2 Common Near Infrared Vegetation Indices (⇢f denotes the reflectance of the for
the frequency f)
2.3 Biomass estimation based on multivariable regression models
Once the vegetation indices are calculated, we determine a formula to estimate
the biomass (BM). Equation [13] describes a linear multivariable regression,
where the independent variables are the vegetation indices (VI).
BM =  0 +
NX
k=1
 kVIk (13)
In equation [13], N vegetation indices are used and there are N + 1 un-
knowns  k. As mentioned before, the accuracy of each index strictly depends
on the growth stage of the plant, therefore, it is expected that the values of
 k will change. Also, our method can use nonlinear regressions of the form:
BM =
NX
|↵|=0
 ↵VI
↵ (14)
The parameter ↵ is a multi-index and the set of parameters   are indexed
by using these multi-indices. Nonlinear models have the advantage of pro-
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(a) NDVI (b) GNDVI (c) DVI (d) TVI (e) MSAVI
Fig. 3 Vegetative indices for upland rice system during ripening stage.
(a) NDVI (b) GNDVI (c) DVI (d) TVI (e) MSAVI
Fig. 4 Vegetative indices for lowland rice system during vegetative stage.
viding more parameters with the same available information. Commonly, the
accumulation of biomass in rice crops during the ripening stage behaves lin-
early with certain vegetation indices, however, for other stages of the crop, the
relationship between biomass and the vegetation indices could be nonlinear.
(a) Upland rice system (b) Lowland rice system
Fig. 5 Rice production systems: lowland and upland. Both pictures correspond to the crops
assessed during the experiments reported in this paper.
3 Field Report
Experiments were carried out during 2017 in the experimental station of CIAT
located in Santa Rosa-Meta (upland conditions) and Palmira-Valle del cauca
(lowland conditions). The results of this field report were obtained from three
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Fig. 6 Experimental setup process.
trials along di↵erent seasons of the year: dry and rainy seasons. At each trial,
the rice crop had a phenological cycle of 95 days for Linea 23 variety and 110
days for IR64 variety. Likewise, measurements from the crop were obtained
during three stages of rice growth: vegetative, reproductive and ripening. Fig-
ure 5 depicts both upland and lowland rice production systems. Likewise, both
rice varieties (Linea 23 and IR64 genotype) are planted along each line.
3.1 Experimental setup
As detailed in Figure 6 (step #2), the crop field was designed with three
repetitions. Each plot size was 81m2 and the distance between plants was
25cm within rows and 30cm between rows. In addition, we defined 72 sampled
areas within each parcel. The length of a parcel is about 3m and each sampled
area contained four plants (1 linear meter). Based on that design, the crop is
partitioned in a grid that matches the size of the sampled areas. In this sense,
the UAV mission planner generates waypoint trajectories to properly cover
the sampled areas. 1
For each stage of the crop (vegetative, reproductive and ripening), we per-
formed 20 flights, capturing around 2, 000 images per stage, yielding a database
of 6, 000 images per trial. In overall, around 18, 000 images were processed. The
output of the AGBE algorithm is the estimated biomass of each parcel corre-
sponding to the 72 sampled areas previously defined by the farmers. Results
1
The following video illustrates the steps performed during the experiments: https://
youtu.be/BTwD4GduXDo
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(a) Upland vegetative stage
- no panicles, only leaves are
observed.
(b) Upland reproductive
stage - the reproductive
stage ends with the flower-
ing. A few panicles should
be observed.
(c) Upland ripening stage
(d) Lowland vegetative
stage
(e) Lowland reproductive
stage
(f) Lowland ripening stage
Fig. 7 Changes in the crop appearance as the plants grow. In the vegetative stage, Figs.
7(a) and 7(d) the green color is predominant. In reproductive stage, Figs. 7(b) and 7(e),
panicle formation starts and yellow features appear, but parcels can still be di↵erentiated.
In ripening stage, the yellow color is predominant, and parcels cannot be distinguished with
ease.
are visualized as detailed in Figure 6 (step #5). The Cartesian plot corre-
sponds to the entire crop, the red squares enclose the parcels of interest, and
the black dots are GPS points geo-referencing the images captured by the UAV
along the trajectory path.
The Ground-Truth is then defined as follows: for each parcel of the crop,
one linear meter of the plants are cut from the ground. Plants were sampled
and weighted (fresh weight), then put in the oven at 65 degrees Celsius for
4 days or until a constant weight was reached. Then, the vegetative biomass
(leaves and stems) was separated from the reproductive biomass (panicles and
grains). Both vegetative and reproductive biomass were weighted (dry weight).
In this sense, the biomass of each parcel is measured using the traditional
destructive method. This measurement (shown in the orange boxes of Figure
6) is taken as the ground truth used in the multilinear regression. Then, the
AGBE algorithm uses a training set of images accounting for the 60% of the
entire database, whereas the testing phase of the AGBE algorithm accounts for
the remaining 40% of images. The estimated biomass value is displayed in the
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NIR original image Fourier-based image rotation Filtered image k-means clustering
Column segmentation 
algorithm (Col)
Parcel-scale
Crop-scale
Circle segmentation 
algorithm (Cir)
Fig. 8 NIR-image processing phases applied at di↵erent crop scales. The methods are light-
independent.
blue boxes of Figure 6 (step #5). Finally, the correlation index is calculated
for parcels with more than 10 useful images (green boxes display the biomass
correlation).
In terms of image processing, the analysis of the image data implies impor-
tant challenges. Weather conditions can a↵ect the quality of the data (sunny,
cloudy), especially in lowland crops, where water reflectance can change the
appearance of the image. Another important factor is the appearance (archi-
tectural morphology) of the plant as it grows. Figure 7 shows how the plant’s
features change along the three representative stages of the crop. In the veg-
etative stage occurs the development of tillers, the number of leaves increase,
as well as the height of the plant. In this stage, the green color is predominant,
as seen by Figures 7(a) and 7(d)). In the reproductive stage, panicle forma-
tion starts and thus yellow features appear in the images, cf. Figures 7(b) and
7(e)). Finally, in the ripening stage, the flowering, the grain filling, and the
maturation of the plant occur while the leaves begin to senesce. In this stage,
the yellow color is predominant and the parcel can barely be distinguished
from panicles, while grains and senescent leaves predominates, as shown in
Figures 7(a) and 7(d)). In conclusion, it is possible to observe that as long
as the plant grows, it turns more di cult using RGB images to separate the
parcels for distinguishing between plants and background. Therefore, general
assumptions about the color, size of the plant and the color of the soil will not
always work. Considering all the mentioned restrictions, the proposed AGBE
algorithm has been conceived as an e↵ort to automate the monitoring of rice
crops using NIR-image based non-destructive methods.
3.2 AGBE Results
Figure 8 presents experimental results of applying the column and circle seg-
mentation algorithms previously defined in Figure 2. As observed, the algo-
rithms are capable of processing NIR-images with a wide range of UAV flying
altitudes i.e. di↵erent crop scales.
The resulting image with the area to assess (cf. Figure 8) is used for the
calculation of the vegetative indices. Since 7 vegetative indices were used to-
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gether with a constant coe cient, there are 8 possible parameters, hence 28 1
possible combinations. For any given combination, the number of parameters
in the regression depends on the number of the used coe cients. For instance,
if NDVI, MSAVI, TVI and DVI are used together with the constant term,
then there are four parameters in the regression. Mathematically, this can be
written as:
BM =  c↵c +  SRSR↵SR +  NDVINDVI↵NDV I+
 GNDVIGNDVI↵GNDV I +  CTVICTVI↵CTV I+
 SAVISAVI↵SAV I +  DVIDVI↵DV I +  MSAVIMSAVI↵MSAV I
(15)
Where the coe cients ↵c, ↵SR, ↵NDV I , ↵GNDV I , ↵CTV I , ↵SAV I , ↵DV I
and ↵MSAV I take the value of 0 or 1. For each coe cient combination (VIs
and the constant term), two images were taken randomly from each plot. This
was done since not all the plots had the same number of photos, so if all
the photos were used, the resulting regression could have some bias. Finally,
the corresponding correlation coe cient is calculated for each of the 28   1
possible combinations. Figure 9 highlights 4 computed VIs evolving in time
along the three stages of the crop. In this test, we show experimental results
obtained from a set of 40 images captured at di↵erent times. As shown, some
uncertainty is obtained by extracting the vegetation indices from the images.
Data dispersion in the calculation of the VIs is shown at each crop stage.
Finally, once all the VIs are computed per each image, the average is used for
the estimation of biomass.
Fig. 9 AGBE results for Vegetation Index (VI) calculation using 40 images: 10 random
images used for each VI. Data dispersion shown for each crop stage (upland rice crop system).
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Stage 1: Vegetative Stage
Figure 10(a) shows one of the several tests carried out during the vegetative
stage. Since in this stage the biomass is not as critical as in other stages, a
testing protocol was defined for analyzing how many images per parcel are
required to obtain a reliable biomass estimation. To that purpose, few images
were captured for most of the parcels (up to three). As detailed by the right
plot of Figure 10(a), note that only two parcels have su cient images (black
dots represent GPS image points). In this sense, the green boxes of those two
parcels are the biomass correlations. For this application, the minimum set of
images required for performing an accurate multilinear regression is 10 images
per parcel. Also, the best biomass (BM) estimation formula for this stage of
the crop was defined in equation 16:
BM =  24098.2 + 154338SR  393234NDVI+
3989.18GNDVI  183907CTVI + 3866699SAVI+
1929199DVI  5507233MSAVI
(16)
Stage 2: Reproductive Stage
Figure 10(b) shows one of the several tests carried out during the reproductive
stage. The best biomass (BM) correlation was obtained with all the vegeta-
tive indices, resulting in equation 17. In this test, we were able to properly
cover/estimate the 73.3% of the total enclosed parcels.
BM = 32756.2 + 437901SR  256781NDVI+
8975GNDVI  201353CTVI + 2013455SAVI+
1766322DVI  5789011MSAVI
(17)
Stage 3: Ripening Stage
Figure 10(c) shows one of the several tests carried out during the ripening
stage. In this test, we were able to properly cover/estimate the 77.7% of the
total enclosed parcels. The resulting biomass (BM) estimation equations was:
BM =  19876.3 + 255623SR  350645NDVI+
4265.1GNDVI  442358CTVI + 3011356SAVI+
2103455DVI  6234772MSAVI
(18)
The three histograms shown in Figure 10 represent the number of com-
binations of vegetative indices in the multilinear regression corresponding to
di↵erent values of the correlation index. It is clear that many combinations
perform poorly, which consequently reflect in low correlation indices. This is
expected since the biomass has a stronger relation with some vegetative indices
than others, thus, the combinations that only include the vegetative indices
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(a)
(b)
(c)
Fig. 10 AGBE algorithm results for an upland crop system. Measurements carried out
during (a) vegetative stage, (b) reproductive stage, (c) ripening stage. Plots in the left
show typical input images used by the AGBE algorithm. For this trial, parcel-scale NIR
images were used for estimating the biomass during the vegetative stage whereas crop-
scale NIR images were used for both reproductive and ripening stages. The plots in the
middle show the histogram for the overall biomass correlations obtained for the entire
crop. Finally, the plots in the right display the biomass estimation results for an entire
crop area. The estimations have been geo-referenced in order to identify the biomass per
parcel. For instance, black dots are GPS coordinates representing the images taken by the
UAV. Red squares enclose the areas of interest (biomass assessment). The values within the
orange boxes are the ground-truth biomass measurements, whereas the values within the
blue boxes are the averages of estimated biomass. Green boxes are the correlations.
less related with the biomass produce a low correlation. However, there are
combinations that perform accurate, yielding correlation indices above 0.9. In
each case, the best correlation was obtained using all the VIs. This makes
sense since more vegetative indices allow for more parameters to fit the mul-
tilinear regression with the measurements, which in turns results in higher
correlations.
On the other hand, the distribution of each histogram is very di↵erent
depending on the crop stage. The first one (cf. Figure 10a) indicates that
around 30% of the combinations produce correlation indices above 0.7. An
opposite behavior is reflected on the second histogram (cf. Figure 10b), where
more that 80% of the combinations yield correlations below 0.5. Finally, the
third histogram (cf. Figure 10c) presents a more uniform distribution. There
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(b) Lowland ABGE experimental results
Fig. 11 Evolution of the measured and estimated biomass through the three stages for a
lowland crop system: (A) experimental results for the ABGE using the column segmentation
algorithm (Col). The biomass estimations are compared against the Ground-Truth (mea-
surements) using the traditional destructive method. (B) experimental results for the ABGE
using the circle segmentation algorithm (Cir). Similarly, biomass estimations are compared
with the Ground-Truth measurements. (C) ABGE estimation results from plots (a) and (b)
for both column and circle segmentation algorithms 2 and 3 respectively.
are two main factors that contribute to these results: (i) the number of proper
images used in the regressions and (ii) the biomass dynamics per crop stage.
Regarding the former, the first and second stages of the crop used the least
and higher number of images respectively. Less images yield a larger set of
combinations with meaningful correlations, whereas more images narrow the
set of combinations, resulting in low correlations. Regarding the latter, dur-
ing the vegetative stage, the relation between the vegetative indices and the
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Parameter Circle Segmenta-
tion
Column Segmen-
tation
Correlation Vegetative 0.72 0.69
Correlation Reproductive 0.75 0.77
Correlation Rippening 0.76 0.71
Average Correlation 0.7433 0.7233
Table 3 Upland rice system: numerical data regarding the biomass estimations shown in
the experiments conducted in Figure 11(a).
Parameter Circle Segmenta-
tion
Column Segmen-
tation
Correlation Vegetative 0.79 0.73
Correlation Reproductive 0.73 0.68
Correlation Rippening 0.75 0.71
Average Correlation 0.7567 0.7067
Table 4 Lowland rice system: numerical data regarding the biomass estimations shown in
the experiments conducted in Figure 11(b).
biomass is stronger due to the fact that the biomass is low. For the reproductive
stage, some of the vegetative indices saturates, e.g NDVI, but other vegetative
indices that behave better with higher biomass compensate the e↵ect of the
saturated ones by increasing the number of combinations that produce accu-
rate results. As observed, the aforementioned saturation compensation works
better during the ripening stage of the crop.
Finally, figures 11(a) and 11(b) present the evolution in time of the mea-
sured and estimated biomass for several sample images at each crop stage.
The former experimental results were obtained from an upland rice crop sys-
tem whereas the latter for a lowland rice crop system. In both, the increase
of biomass from vegetative to reproductive is evident. Also, comparing both
stages, the biomass estimation during the ripening is slightly more accurate:
average correlations of 76% and 75% respectively. Numerical data is consigned
in Tables 3 and 4.
Correlation results for each crop stage are coherent with the histogram
information previously shown in Figure 10, in which higher correlations of
biomass during ripening are expected since the ABGE algorithm improves as
long as the crop grows i.e., more training images for the fitting of the regression
models.
In terms of the NIR-image segmentation process carried out by the AGBE
algorithm, the circle-based segmentation method achieved higher correlations
in both rice system types: upland and lowland. This result is expected since
GPS and IMU data (c.f. Figure 2) allow for a more precise positioning on the
image (specific NIR-pixels for training the AGBE algorithm) that geograph-
ically match with the small sampling area of the 1 linear meter used for the
biomass measurements. In fact, adding a DGPS (di↵erential GPS) configu-
ration to the UAV would significatively improve on geo-referencing precision,
therefore, on AGBE training accuracy and biomass estimations.
Regarding the column-based segmentation method (c.f. Figure 2), the lack
of GPS data is geometrically compensated by using the Fast Fourier Transform
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Fig. 12 Graphical User Interface for the ABGE algorithm.
(FFT) as an approach for transforming the images and processing the selected
rectangular areas/parcels. Despite the biomass correlations are slightly lower,
the method can be used as an alternative for GPS-denied environments, where
NIR images cannot be geo-tagged with the required position resolution. This
scenario is actually very common in Colombia; rice crops located in mountain-
ous regions with extensive and large vegetation usually have tropical climate
variations that generally cause poor GPS satellite connections.
3.3 Comparison with Artificial Neural Networks -ANN
The AGBEmethod uses multivariable regressions to model the relationship be-
tween several vegetation indices and biomass. Three linear formulas described
by Eq. 16, 17, 18 were defined and tuned for each crop stage. In this section, we
compare the linear regression method against Neural Networks with the aim
of determining if nonlinear dependencies can increase the correlations. Firstly,
neural networks with several hidden layers were tested (deep neural networks).
However, preliminary results shown that the improvement in the correlation
coe cient was not significant compared with the increase of training time.
In our case, deep neural networks could be used with larger datasets of crop
information (Big Data). Secondly, a classical ANN with a single hidden layer
composed by 5, 10 and 15 neurons were used. In total 12 training functions
were used:
1. Levenberg-Marquardt
2. Bayesian Regularization
3. BFGS Quasi-Newton
4. Resilient Backpropagation
5. Scaled Conjugate Gradient
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6. Conjugate Gradient
7. Fletcher-Powell Conjugate Gradient
8. Polak-Ribiére Conjugate Gradient
9. One Step Secant
10. Variable Learning Rate Gradient Descent
11. Gradient Descent with Momentum
12. Gradient Descent
Biomass Estimation Using Neural Networks
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Fig. 13 Biomass neural network estimator using Levenberg-Marquardt training function
in each stage (Vegetative, Reproductive and Ripening) and both crops systems (up land and
low land). N corresponds to the number of neurons in the hidden layer.
After several testing, the Levenberg-Marquardt training function yielded
the best overall results, being the fastest method for training our moderate-
sized database. Figure 13 details the Levenberg-Marquardt ANN results. In
most of the cases, the ANN with N = 15 neurons in the hidden layer yields
more accurate biomass estimations.
In terms of crop stages (vegetative, reproductive and ripening), the ac-
curacy of biomass estimations using ANN decrease critically for ripening. As
previously mentioned, acquiring imagery from an aerial platform introduces
certain disturbances to the images (noise, saturation, orientation, etc) that
need to be minimized by our feature extraction and clustering image pre-
processing phases. For this application, the resultant NIR images available for
training di↵er for each crop stage. In ripening, the accumulation of vegetation
makes di cult to extract features for classifying the images yielding less data
for training. ANNs commonly require a larger dataset for its optimization to
yield proper nonlinear mapping.
By comparing ANN against multivariable regressions, the latter estimator
achieves accurate and reliable results when there is not su cient data for
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Neural Networks VS Multivariable Regressions
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Fig. 14 Comparison between the best neural network estimator and multivariable regres-
sion for biomass estimation in all stages of the crop.
training. In this case, the estimation of biomass during the ripening stage is
far better with multivariable regressions. Figure 14 presents the comparative
results. Another important issue relies on linear dependencies. As detailed by
Equations 15, 16 and 17, we have encountered linear dependencies between
the biomass variations and the corresponding vegetative indices. Also, the
coe cients for the linear regressions were found and calibrated for each crop
stage independently. For ripening, linear dependencies are higher with TVI,
GNDVI and MSAVI (less data dispersion shown in Figure 9). Therefore, the
regression method works accurate due to these linear relationships.
For the other two crop stages, specially in early stages of growth (vege-
tative), a larger dataset of training data was available for ANN, concretely,
for the upland rice system. For rice plants cultivated in dry soils, see Figure
5a, the AGBE algorithm can easily extract features per plant, allowing for an
accurate clustering computation of NIR images. According to the results in
figure 14, ANN o↵ers a higher correlation coe cient in the vegetative stage.
4 Discussion and Conclusions
The vegetative biomass in rice crops has being widely related to final grain
yields. Rice crop mechanistic models are used for precision agriculture but
also for research on rice adaptation to di↵erent environments. However, they
are di cult to implement because they demand a high frequency and amount
of data for aerial biomass. Typical methods to monitor and measure biomass
in rice crops are based on destructive sampling. To avoid this, non-invasive
image-based methods have recently emerged in the past years. In this sense,
UAV platforms with on-board visual sensing capabilities can play an impor-
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tant role for facilitating a high-throughput non-destructive monitoring of the
entire crop. However, integrating an UAV system for these purposes presents
multiple challenges. The UAV platform requires enough autonomy to cover the
crop area, su cient storage capacity to capture high-resolution data, and low-
weight sensors onboard. Additionally, the integration of the aforementioned
features requires an interplay between hardware and software to ensure the
reliability of the data, real-time processing, and a seamless experience for the
end-user.
The proposed AGBE algorithm was based on 7 vegetative indices (VI) com-
puted from a set of images taken with a multispectral camera mounted on a
quadrotor UAV. Using the VIs and the metadata of the corresponding images,
multilinear regressions were performed for every possible combination of vege-
tative indices. The correlation index is then computed and the best estimation
formula was obtained for each stage of the crop: vegetative, reproductive and
ripening. Extensive experimental results conclude that the calculation of VIs is
10% more accurate during the reproductive and ripening than in other stages
of the crop (cf. Figure 9). By analyzing each VI independently, GNDVI yields
accurate results during both vegetative and ripening stages, whereas MSAVI is
more reliable during the reproductive stage. Nonetheless, the final estimation
of biomass correlates higher during ripening, since there are more VIs that
accurately correlate with high readings of biomass. In overall, the proposed
AGBE algorithm is able to estimate biomass with an average correlation of
0.76. Additionally, to our knowledge, this is the first work that uses a small
sampling area (1 linear meter) to calibrate and validate the image analysis
estimations. Thus, the estimation of above ground biomass presented in this
work could potentially be applied to breeding schemes where a high number
of varieties is screened and the size of the plots is 1 linear meter.
Regarding the farmer/user experience, we have developed a software pack-
age to handle the algorithms developed herein. The Graphical User Interface
-GUI is shown in Figure 12. The GUI enables the user to load the image
database, calculate the vegetative indices, match GPS information per image
and determine the configuration parameters for calibrating, training and dis-
playing the estimation results. Besides the estimation of biomass proposed in
this paper, the ABGE algorithm is currently being extended to also support
estimations for rice leaf nitrogen (Nt) using SPAD-based measurements as the
ground-truth. Upcoming work is oriented towards including a novel clustering
technique to also classify the plants according to their genotype (parcels com-
monly have several plant varieties planted). In this sense, we also expect to
improve on the estimation, since the biomass readings are highly dependent
of the plant variety.
Acknowledgement
The authors would like to thank to all technicians and sta↵ from the CIAT
station located in Santa Rosa -Meta, for supporting the trials carried out over
23
the upland crops. Furthermore, to the CIAT sta↵ that supports the experi-
ments over the lowland crops located at CIAT headquarters in Palmira, Valle
del Cauca, Colombia, in particular to Yolima Ospina and Cecile Grenier for
their support in upland and lowland trials.
References
1. Arroyo JA, Gomez-Castaneda C, Ruiz E, Munoz E, Gavi F, Sucar L (2017)
UAV technology and machine learning techniques applied to the yield
improvement in precision agriculture. In: IEEE Mexican Humanitarian
Technology Conference (MHTC), pp 137–143
2. Bendig J, Bolten A, Bennertz S, Broscheit J, Eichfuss S, Bareth G (2014)
Estimating Biomass of Barley Using Crop Surface Models (CSMs) Derived
from UAV-Based RGB Imaging. Remote Sensing 6(11):10395–10412
3. Candiago S, Remondino F, De Giglio M, Dubbini M, Gattelli M (2015)
Evaluating Multispectral Images and Vegetation Indices for Precision
Farming Applications from UAV Images. Remote Sensing 7(4):4026–4047
4. Carrijo G, Oliveira D, Assis G, Carneiro M, Guizilini V, Souza J (2017)
Automatic detection of fruits in co↵ee crops from aerial images. In: Latin
American Robotics Symposium (LARS), pp 1–6
5. Gevaert C, Suomalainen J, Tang J, Kooistra L (2015) Generation of
spectral-temporal response surfaces by combining multispectral satellite
and hyperspectral uav imagery for precision agriculture applications. IEEE
Journal of Selected Topics in Applied Earth Observations and Remote
Sensing 8(6):3140–3146
6. Gitelson AA, Kaufman YJ, Stark R, Rundquist D (2002) Novel algorithms
for remote estimation of vegetation fraction. Remote Sensing of Environ-
ment 80(1):76 – 87
7. Gnyp L, Miao Y, Yuan F, Ustin S, Yu K, Yao Y, Huang S, Bareth G
(2014) Hyperspectral canopy sensing of paddy rice aboveground biomass
at di↵erent growth stages. Field Crops Research 155:42 – 55
8. Guo T, Kujirai T, Watanabe T (2012) Mapping crop status from an Un-
manned Aerial Vehicle for precision agriculture applications. International
Archives of the Photogrammetry, Remote Sensing and Spatial Information
Sciences (September):485–490
9. Harrell D, Tubana B, Walker T, Phillips S (2011) Estimating rice grain
yield potential using normalized di↵erence vegetation index. Agronomy
Journal 103(6):1717–1723
10. Hongli L, Zhoumiqi Y, Jinshui Z, Shuai G (2017) Highly e cient paddy
classification using uav-based orthorectified image. In: IEEE International
Geoscience and Remote Sensing Symposium (IGARSS), pp 3230–3233
11. Honrado J, Solpico D, Favila C, Tongson E, Tangonan G, Libatique N
(2017) Uav imaging with low-cost multispectral imaging system for preci-
sion agriculture applications. In: IEEE Global Humanitarian Technology
Conference (GHTC), pp 1–7
24Please give a shorter version with: \authorrunning and \titlerunning prior to \maketitle
12. Kanke Y, Tubaña B, Dalen M, Harrell D (2016) Evaluation of red and red-
edge reflectance-based vegetation indices for rice biomass and grain yield
prediction models in paddy fields. Precision Agriculture 17(5):507–530
13. Khanna R, Mller M, Pfeifer J, Liebisch F, Walter A, Siegwart R (2015)
Beyond point clouds - 3d mapping and field parameter measurements us-
ing uavs. In: IEEE 20th Conference on Emerging Technologies Factory
Automation (ETFA), pp 1–4
14. Liu Y, Cheng T, Zhu Y, Tian Y, Cao W, Yao X, Wang N (2016) Compar-
ative analysis of vegetation indices, non-parametric and physical retrieval
methods for monitoring nitrogen in wheat using uav-based multispectral
imagery. In: IEEE International Geoscience and Remote Sensing Sympo-
sium (IGARSS), pp 7362–7365
15. Lu J, Miao Y, Huang Y, Shi W, Hu X, Wang X, Wan J (2015) Evalu-
ating an unmanned aerial vehicle-based remote sensing system for esti-
mation of rice nitrogen status. In: 4th International Conference on Agro-
Geoinformatics (Agro-geoinformatics), pp 198–203
16. Naito H, Ogawa S, Valencia M, Mohri H, Urano Y, Hosoi F, Shimizu Y,
Chavez A, Ishitani M, Selvaraj M, Omasa K (2017) Estimating rice yield
related traits and quantitative trait loci analysis under di↵erent nitrogen
treatments using a simple tower-based field phenotyping system with mod-
ified single-lens reflex cameras. Journal of Photogrammetry and Remote
Sensing 125:50 – 62
17. Ndikumana E, Minh D, Thu D, Baghdadi N, Courault D, Hossard L,
Moussawi I (2018) Rice height and biomass estimations using multitem-
poral sar sentinel-1: Camargue case study. vol 10783, p 10783
18. Prabhakara K, Hively W, McCarty G (2015) Evaluating the relationship
between biomass, percent groundcover and remote sensing indices across
six winter cover crop fields in maryland, united states. International Jour-
nal of Applied Earth Observation and Geoinformation 39:88–102
19. Stroppiana D, Migliazzi M, Chiarabini V, Crema A, Musanti M, Franchino
C, Villa P (2015) Rice yield estimation using multispectral data from
uav: A preliminary experiment in northern italy. In: IEEE International
Geoscience and Remote Sensing Symposium, pp 4664–4667
20. Tadasi C, Kiyoshi M, Shigeto T, Kengo Y, Shinichi I, Masami F, M K
(2010) Monitoring rice growth over a production region using an un-
manned aerial vehicle: Preliminary trial for establishing a regional rice
strain. 3rd IFAC Conference in Modelling and Control in Agriculture,
Horticulture and Post-Harvest Processing - Agricontrol 43(26):178 – 183
21. Tanger P, Klassenn S, Mojica J, Lovell J, Moyers B, Baraoidan M, Eliz-
abeth M, Kenneth B, McNally L, Poland J, Bush D, Leung H, Leach J,
McKay J (2017) Field-based high throughput phenotyping rapidly identi-
fies genomic regions controlling yield components in rice. Scientific Reports
7:42839
22. Viljanen N, Honkavaara E, Nsi R, Hakala T, Niemelinen O, Kaivosoja J
(2018) A novel machine learning method for estimating biomass of grass
swards using a photogrammetric canopy height model, images and vege-
25
tation indices captured by a drone. Agriculture 8(5)
23. Xue J, Su B (2017) Significant remote sensing vegetation indices: a review
of developments and applications. Journal of Sensors pp 1–17
